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Abstract 
 
Standard asset pricing models based on rational expectations and homogeneity have problems explaining the complex and 
volatile nature of financial markets. The heterogeneity in expectations can lead to market instability and complicate dynamics of 
prices, which are driven by endogenous market forces. In this sense, we use Agent-based computational approach and more 
specifically artificial Stock Market modeling to explore the market dynamics from a behavioral perspective. Our aim is to point 
out that the investors’ irrationality explains various numbers of financial anomalies, especially the phenomena that traditional 
financials models have never been able to explain. We built a virtual financial market that contains three types of investors: 
fundamentalists, non-fundamentalist and loss adverse investors. Therefore, the difficulty of the prediction is due to several 
features: the complexity, the non-linearity and the dynamism of the financial market system, as well as the investor psychology. 
The Artificial Neural Networks learning mechanism take on the role of traders, who from their futures return expectations and 
place orders based on their expectations. The results of intensive analysis indicate that the existence of agents having 
heterogeneous beliefs and preferences has provided a better understanding of price dynamics in the financial market.  
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1. Introduction  
Economics and financial theories have been based on rational investors and on market efficiency hypothesis, 
which posits that market prices fully reflect all available information (Fama, 1970). In traditional models, rational 
use of information, their decision making is based on utility function with beliefs, calculated via optimal statistical 
procedures. Thus, the representative investor is an individual who acts as an expected utility maximizer and adheres 
to the axioms of rational choice theory. These presumptions have clearly played a crucial role in shaping the widely 
accepted understanding of risk, determinants of asset prices, portfolio management principles, etc. Many financial 
researchers have examined the core arguments of Efficient Market Hypothesis, Capital Asset Pricing Model, and 
Anticipation Utility Theory. For instance, Banz (1981) and Bamber (1987) found that fluctuating future stock prices 
has a “scale effect”. Cross (1973), French (1980), and Gibbons and Hess (1981) also found the “week effect” on the 
moving trend of stock prices so that investors can gain excess in returns by adapting the reverse operation strategy. 
Furthermore, Herbert Simon (1991) has emphasized the importance of bounded rationality, taking into account the 
limited ability of agents to adapt optimally, or even satisfactorily, to complex environments. Paradoxically, it is 
hardly rational to attempt being perfectly rational. Moreover, a large thread of literature of psychology and 
behavioral finance instigated by laboratory experiments of Kahneman and Tversky (1973, 1974) and Kahneman 
(2011) suggest that economic behavior is often better explained by simple heuristic rules and irrational biases rather 
than by dynamic optimization. According to the prospect theory, the investors’ psychological drives will lead their 
actual decision-making process to deviate from rationality.  
Recently, Chiarella and He (2003) mention a growing dissatisfaction with the representative agent paradigm. 
Then, LeBaron (2005) and Hommes (2006) state that at the end of the 20th century finance witnessed a revolution 
and they notice an important paradigm shift from a representative rational agent approach towards a behavioral 
agent-based approach. More recently, Frijns et al. (2010) mention a demise of the EMH. Behavioral finance 
provides an alternative theory regarding financial markets. Based on experimental psychology literature, behavioral 
finance considers that cognitive biases could affect asset prices. In the field of behavioral finance, researchers set 
psychological biases underlying the behavioral explanations on the observed security price behavior (Kahneman and 
Tverskey, 1979, 1982; Shefrin and Statman, 2000; Barberis and Thaler, 2002; Szyszka, 2008). In fact, individuals 
are thought to make judgments under uncertainty because limited time and cognitive resources lead them to apply 
behavioral biases such us herding, loss aversion, anchoring and other behavioral biases by investors’. It seems 
evident that psychology plays an important role in financial markets and deserves through investigation. The effects 
of behavioral finance can be viewed as another answer to unrealistic assumptions of the Efficient Market 
Hypothesis. The confirmation of heterogeneity on the stock market can be founded in empirical research of Vissing-
Jorgensen (2003). The author reports that there exists heterogeneity in forecasting future asset prices on the Stock 
Market: 50% of individual investors consider the stock market to be overvalued, 25% believe that it is fairly valued, 
about 15% are unsure, and less than 10% believe that is under valuated. The complexity of the financial rules 
governing the stock market and their confrontation with investors’ activities make the interpretation and the 
explication of observed global behavior very difficult to understand. According to Takahashi and Terano (2003), the 
investors’ decision making rules which are based on behavioral finance are much more complicated than those 
adopted in the traditional finance, which makes it difficult to derive asset prices analytically in behavioral finance. 
In this area of complex system, other recent studies report that complex phenomena emerge from interactions 
between micro-rules and macro-behavior (Arthur, 1997; Wolfran , 1994).  
We cannot understand market outcomes through the eyes of a single representative type of rational agents. In 
agent-based models, the market is filled with heterogeneous, boundedly rational agents with different expectation 
and behaviors. This bottom-up method involves large numbers of interacting agents with the “rule of thumb” trading 
strategies, and the aggregation of simple interactions at the micro level may generate sophisticated structure at the 
macro level. In the context of financial markets, the micro-rules correspond to investors' behavior and the macro-
behavior corresponds to the fluctuation of asset prices. A relatively novel approach for studying the link between 
individual investors’ behavior and financial market dynamics, based on agent-based methodology, has become 
known as Artificial Financial Markets. These are often computational models of financial markets, and are usually 
composed of a number of heterogeneous and bounded rational agents, interacting through some trading mechanism, 
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while possibly learning and evolving. According to this approach, markets are seen as complex dynamical systems 
consisting of heterogeneous learning, boundedly rational heterogeneous agents (Hommes, 2006; LeBaron, 2006; 
Lux, 2009; Chiarella et al., 2009; LeBaron, 2012 and Viktor et al., 2013). 
Both approaches, agent-based models and behavioral finance, complement each other and could be used together 
as agent based approach framework could serving as a useful theoretical tool for verification of findings from 
behavioral finance. LeBaron (2005) argues that “Agent-based technologies are well suited for testing behavioral 
theories" and anticipates that “The connections between agent-based approaches and behavioral approaches will 
probably become more intertwined as both fields progress”. Over the last 15 years, a number of computer-simulated, 
artificial markets have been put forward. Following the pioneering work done at the Santa Fe Institute (Le Baron et 
al., 1999), a large number of researchers have proposed models for artificial markets populated with heterogeneous 
agents endowed with learning. In the last decade, we use the behavioral multi-agent based simulation in order to 
complete the description of theoretical phenomena by many aspects based on the individual’s behavior and their 
interactions (Hoffmann et al., 2007; Henrik, 2008). This evolution shows that the multi-agent based simulation is a 
promising approach to study the stock market dynamics. This lead to several examples of Artificial Stock Markets in 
the literature, Santa Fe Institute Artificial Stock Market developed by Arthur et al. (1997), also described in 
(LeBaron et al., 1999; LeBaron, 2006) and the Genoa Artificial Stock Market (Marchesi et al. 2000; Cincotti et al. 
2001). The complementarities of behavioral finance research and the agent-based methodology have been 
recognized in the literature as a nascent field of research with many opportunities ahead. Takahashi and Terano 
(2003), Hoffmann et al. (2007) and Mathieu et al.  (2010) are counted as rare examples of agent-based papers that 
pursue the idea of explicit accounting for behavioral theories in financial market simulations. In Takahashi and 
Terano (2003), the focus is on overconfidence and loss aversion, while Hoffmann et al. (2007) focus on social 
dimensions of investor behavior. Barberis and Thaler (2003) and Scheinkman et al. (2004) mention overconfidence, 
De Grauwe and Grimaldi (2006), Boswijk et al. (2007) and Kukacha et al. (2013) suggest market sentiment, and 
Chiang  et al. (2007) and Chiarella et al. (2003) put stress on herding behavior. 
In an interesting model, LeBaron (2000) examines how investors’ heterogeneous time horizons affect evolution 
of the market, its convergence to the known homogenous rational expectations equilibrium and domination of 
different types of investors. The learning mechanism in this model is an interesting combination of the neural 
network technique and the evolutionary search mechanism. A much more recent method has appeared, the 
technological analysis, where computers are used as a tool to predict the stock movements. Technological analysis 
tries to model and simulate as accurately as possible the behavior of the Stock Exchanges, by different 
computational techniques which I will discuss as follows: Genetic Algorithms, originated by Holland (1975), are 
learning methods which mimic the biological process of evolution. A genetic algorithm creates ‘candidate solutions’ 
from a defined set of building blocks, which can be interpreted as genes. GA which helps in finding optimal 
parameters for technical indicators by making them evolve, by combinations and mutations, starting with a 
population of a given model, has established different parameters (Armano et al. 2005; Chen and Liao., 2005 and 
Chen, 2007). Fuzzy Logic controllers are used in combination of artificial neural networks and genetic algorithm 
(Gradojevic, 2006). Fuzzy neural network are also studied, and sometimes demonstrate good performances (Chang 
and Liu., 2006; Hachicha et al., 2011). Artificial Neural networks, invented by psychologist Rosenblatt in 1958, 
ANNs replicate the biological structure numerically. Here, neurons are embodied by artificial units spanning a two-
dimensional network. Therefore, the intelligent appropriate technique used to satisfy this dynamics is the Neural 
Network (Yang, 2002). This technique has provided fruitful ideas and new tools to statistical methodology (Chen 
and Yen, 2002; Martinez-Jaramillo, 2007). Classifier Systems, learning classiffier systems, which were derived by 
Holland (1991), proposed to model economic agents and finally, they were used in the Santa Fe Artifficial Stock 
Market. Such mechanism has been used to perform financial forecasting in works like Arthur et al. (1997), Le Baron 
et al. (2002) and Schulenburg and Ross (2002). 
In this paper, taking into account the micro-rules and macro-behavior, we seek an explanation of the price 
dynamics via the complementary played by these approaches. Models of financial markets present several 
weaknesses in the mental representations of the reality. In fact, the interaction between the micro-structural and 
behavioral approach is uncertain. This serious obstacle can be avoided in experimental setting such as an agent-
based artificial stock market where the information possessed by traders can be controlled. Therefore, we propose an 
overview of Artificial Neural Networks, regarded as a key component in many agent-based financial markets for 
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learning and adaptation. The contribution of this research and the advantage of computational agent-based models 
developing an artificial stock market can be found in the link between the modeling and the simulation of the stock 
market and particularly the investor behavior and his decision making. 
The rest of the paper is organized as follows. In the next section, the formulation of the proposed model is 
introduced. In this section our basic asset pricing model, the agents’ expectations formation, the walrasian trading 
mechanism and the Artificial Neural Networks learning in our simulation. In Section 3 results experimentations and 
interpretations are displayed. Section 4 contains the concluding remarks and extensions for possible the future work.  
2. The Artificial Stock Market  
Their pioneering model along the lines of Grossman and Stiglitz (1980) and Hussman (1992) was used 
subsequently by Arthur et al. (1997), LeBaron et al. (1999, 2002) on Santa Fe Institute Financial Market and Pajaras 
et al. (2005). A computer simulation of the financial market involving 100 investors was used as the model in this 
paper; risk assets and risk free assets are the two possible transaction models which are adopted along with other 
behavioral features.  
 
Table 1. Parameterization   
 
Symbol                              Explanation  
M                                 The number of investors (100) 
N                                  The number of issued stocks (100) 
T                                   Simulation periods (1000) 
rf                                                       The risk free interest rate (0.1) 
                                    Risk averse ratio of the investor (0.5, constant) 
K                                  Measuring the weight of prior belief (0.8) 
ȡ                                   Exogenous parameter (0.95)            
ത                                  Mean of autoregressive process 
ı2μ                                                  Conditional variance of dividend process  (0.0734) 
ș                                   Forecast error update’s parameter (0.013) 
f                                   (6.333) 
g                                  (16.688) 
 
Models including the market interactions of many investors following such strategies are clearly hard to solve in 
an analytical manner. Therefore, Kim and Markowitz (1988) investigated the destabilizing potential of dynamic 
hedging strategies via Monte Carlo simulations of a relatively complicated model of price formation in an Artificial 
Financial Market. The Monte Carlo simulation is the only reasonable option to computationally examine the impact 
of suggested changes on the model outcomes to perform simple Monte Carlo simulations (Metropolis and Ulam, 
1949; Rubinstein and Kroese, 2008; and Alfarano et al. 2010). Within this method, we repeatedly stochastically 
generate crucial variables using different random number generator settings and consequently run the model 
employing generated values. This sample represents the true distribution of model outcomes. The sufficient number 
of runs is, therefore, very important to obtain statistically valid and reasonably robust sample. 
 
2.1. Market Structure 
The literature has identified many different auction mechanisms used in agent-based artificial financial market. 
The first mechanism consists in creating a simple price response to the excess of demand with a simple clearing 
mechanism as what is in the models of Farmer and Joshi (2002), farmer (2002), Martinez-Jaramillo (2007). The 
second mechanism is clearing in temporary market equilibrium, where the price is determined so that the total 
demand equals the total number of shares in the market (Levy et al., 1995; LeBaron, 2001). The third mechanism is 
a more realistic one, where actual order book is simulated, and buy and sell orders are crossed using a certain well-
defined procedure, as found in the models of Marchesi et al. (2000), Yang (2002), Ponta et al. (2011). One of the 
most common examples within this category of price formation mechanism is a double-auction market. The final 
mechanism is the Walrasian auctioneer, in which the equilibrium price is set so that overall demand equals overall 
supply, as found in the market clearing mechanism in price determination (Grossman and Stiglitz, 1980; Hussman, 
1992; Pajaras et al., 2005). To simplify the model, we choose the walrasian auction, as being able to observe all the 
traders’ demand functions, adjust prices in various markets to equilibrate aggregate supply and aggregate demand. 
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Therefore, all trades will be executed at a fixed price and the agents are not permitted to trade out of equilibrium. 
2.2. Model of Traders   
We assume that fundamental investors and irrational agents are myopic one-period constant absolute risk 
aversion (CARA). CARA is used in the models of Arthur et al. (1997), Palmer et al. (1998), Chen and Yeh (2002), 
Yang (2002) and Hommes (2006). They maximize an expected utility function in the following from: 
     
  1tLi,Ȝw1ti, ewU                                                                                                             (1)                               
Where:  
Wt+1 is the agent’s expected wealth level for the next period  
  = -ı2 U (W) / ı U(W) is the degree of relative risk aversion. 
 
In this virtual market, there are two types of assets available for traders. One is the risk free asset paid with a fixed 
interest r and the other is the risky asset paid at the beginning of each period, a dividend which follows an auto-
regressive process AR (1) as:  
dt = ത + ȡ (dt-1) – ത ) + μt. Where, μt ~ N (0, ı2μ), ȡ:  exogenous parameter, dt-1: dividend at (t-1) and ത is a mean of 
the autoregressive process.  
Agents maximize their utility function with respect to their budget constraint:  
 
      
    ti,tti,ft1t1tti,1ti, xpWr1pdpxW                                                           (2) 
Where:     
              xi,t  is the number of risky assets held by trader  I at time t,  
rf is the risk free interest rate, 
        dt+1 is the dividend attributed to risky assets, 
pt is the price of the stock at time period t. 
 
It is well known that under CARA utility and Gaussian distribution for forecasts, traders’ desire demand, xi,t , for 
holding shares of the risky asset is linear in the expected excess return (Grossman and Stiglitz, 1980). According to 
Arthur et al. (1997), the demand of shares for agent I at time t is giving by:  
 
      
   
2
dpt,i,
ft1t1tti,
ti, ıȜ
r1pdpE
x




 
                                                                                       (3)                                     
Where ı2i,t is the conditional variance of (Pt+1 + Dt+1) . 
The notation Ei,t  indicates the best forecast of agent i at time t. It is the essential elements of agent-based Artificial 
Stock Market. 
On the basis of LeBaron’s (1999) work, the price equilibrium with rational expectations of the risk asset as a linear 
function of dividend is expressed as follows:   
        gdfp tt                                                                                                                     (4) 
The price sequence above will be in rational expectation equilibrium and it reflects the “fundamental Value”. This 
expectation equation is one of the crucial items that traders need to estimate. It is used as a Benchmark for our 
experiments under the market efficiency hypothesis. In this way, we can compare the price and obtain our 
simulation with theoretical price.  
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At equilibrium, the total demand must be equal to the total supply. Therefore, we assume that total supply equals the 
number of shares issued.  
       
¦
 
 
M
1i
ti, Nx
                                                                                                                             (5)
 
The rational expectation equilibrium of future price and dividend are as follows:               
       > @gdf1ȡ1dpȡdpE t11t1t                                                               (6) 
With,                       
 
  
f
2
dp
f r
Ȝıȡ1f1d
g
ȡr1
ȡf 

 

  
 
2.3. Model of Agent Behavior
One of the most important design issues is the modeling of agents. This issue covers heterogeneity, decision 
making, utility function, and learning of agent (Chen and Yeh, 1999; Grothmann, 2002; Hommes, 2006 and Othalia 
et al., 2013). Our virtual financial market is populated by fixed number of traders N, falling into two types of 
investors: fundamentals and non-fundamentals. In this analysis, we focus on the influence of the fundamentals, the 
herding, the anchoring investors’ behavior and the loss adverse investors in financial markets.  
 
2.3.1 Fundamentalists: 
We refer to investors who make investment decisions based on fundamental values as “fundamentalists”. We 
assume that they form expectations about the values of future prices and dividends by means of an Artificial Stock 
Market. The trade price is given as follows:  
        
 ¦
 
  
M
1i
1t1tti,t dpEwȕp D
                                                                                     (7) 
With:                           
  ¦¦
  
   

 M
1i
2
dpt,i,
M
1i
2
dpt,i,
2
dpt,i,
ti,
f
ı
1
ȜNȕ
ı
1
ı
1
w;
r1
1ȕ D  
2.3.2 Non-Fundamentals investors 
As they are sometimes called, “noise traders” represent another type of belief as introduced in the seminal paper 
by DeLong et al. (1990). They believe the asset price is not determined by economic fundamentals only, but it can 
be partially predicted using simple technical trading rules, extrapolation techniques or taking various patterns 
observed in the past prices into account. The reason why we should place special focus on these behavioral biases is 
that they are generally supposed to have strong impact on traders’ behavior.  
 
Herding: Herding often occurs when many people take the same action, perhaps because some imitate the actions of 
others in making investment (Graham, 1999). In other words, investors copy the behavior of other investors, leading 
to changes in their decision-making process after observing others. Investors ignore to a certain degree their private 
opinions and follow the market, leading to a switch from non-trading to trading (Manahov et al., 2013).  The 
examination of herding patterns in Agent-based models is always based on short-run profitability’s of individual 
strategies and herding is detected via the evolution of market fractions. Therefore, we introduce a concept of rather 
irrational `blind' herding which is based on public information and aims to imitate traders' behavior during large 
stocks. In this approach, one of the trading strategies does not behave in the traditional way, but copies the behavior 
of the most successful trades of the previous day. According to Brock and Hommes (2006), at time t the strategy 
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primarily evaluates its own performance measure, then compares the performance measures of all other strategies 
and for the next period (t + 1) it adjusts its beliefs about the trend parameters so that they mimic the last period's 
most profitable strategy. 
Anchoring: Anchoring heuristic establishes that people often base their decision making process on elements or 
conditions of reference (Brav and Heaton, 2002). According to this behavioral bias, the expectation method used by 
investors who are subject to anchoring behavior can be expressed as follows: 
     
 
 °¯
°
®
­
 
 


Anchoringt
f
1t
Anchoringt
f
1t
React1dd
React1pp
                                                                                             (8)
 
Where:  
Reaction Ancൌ ሺͳ െ ሻ ൅ ሾͳȀͷ෍ ቂ
ሺࡼ࢚ି૚ାࢊ࢚ି૚ሻ
ሺࡼ࢚ି૚ሻି࢏
െ ͳቃሿ ൅
ହ
௜ୀଵ
ሾͳȀͷ෍ ቂ ࡼ࢚ି૞
ࡼ࢚ି૞ି࢏
െ ͳቃሿ
ହ
௜ୀଵ
 
K is the parameter measuring the weight of prior belief (1/2 < K < 1).  
Thus, the expression of the equilibrium price of the victims through anchoring agents is formalized as follows: 
        
   > @¦
 
 
M
1i
ANCtANCtti,t ĮReact1dReact1pwȕp
                                  (9)
With:                         
  ¦¦
  
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Loss-averse investors: We formulate the model of the investors based on Prospect Theory in accordance with the 
one characteristic of decision making, which is that people tend to recognize losses twice as large as gain. Like the 
fundamentalists, loss adverse investors use the artificial neural network to make forecasts but they may be reluctant 
to realize losses.   
Following Khaneman and Tversky’s theory, loss adverse investors tend to estimate losses twice as large as profits. 
Thus, we stylize the utility function involving the loss aversion feature according to Shimokawa et al. (2007) as 
follows: 
 
  1tLi,ti, wȜB1ti, ewU                                                                                          (10) 
Bi,t is a parameter related to the loss Aversion as: 
 
   ^ `
   ^ `°¯
°
®
­
t 
 


0dpdpEif1B
0dpdpEif4B
ref
1t1t1tti,
ref
1t1t1tti, %
                                                       (11)
 
With (P + d) t-1ref   is the reference point and determined by the average of price before R periods. In others words, 
the gains and the losses are measured relative to reference point set to be the average of prices and dividend before 
10 periods as follows: 
       
R
dp...dpdpdp 1Rt1Rt1t1tttref1t


                                     (12) 
37 Yosra Mefteh Rekik et al. /  Procedia Economics and Finance  13 ( 2014 )  30 – 46 
The expression of the equilibrium price victims’ agents through loss aversion is formalized as follows:  
       
 ¦
 
 
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ș1td1tpEti,wȕtp                                                                   (13) 
With:                           
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2.4. Modeling traders’ with Artificial Neural Network  
Learning is a key factor in our simulation of an Artificial Financial Market. Agent should be able to update their 
trading strategies in response to changing market conditions. Artificial Intelligence in general and Evolutionary 
Computation in particular are two of the most influential areas involved in the design of techniques and tools to 
perform some forms of financial forecasting.  
In the current paper, we propose an overview of Artificial Neural Network principles (Rosenblatt, 1958) which are 
regarded as a key component in many agent-based financial market for modeling of learning and adaptation (Chen 
and Yen , 2002; Martinez-Jaramillo, 2007).  
Artificial intelligence is the generic name attributed to the field of computer science dedicated to the development of 
programs that attempt to replicate human intelligence. ANN is one of the artificial intelligence techniques that has 
played an important role in solving problems with extreme difficult or unknown analytical solutions. The ability of 
neural networks to discover nonlinear relationships (Phillip et al. 1989) in input data makes them ideal for modeling 
nonlinear dynamic systems such as the Stock Market. Neural networks, with their remarkable ability to derive 
meaning from complicated or imprecise data, can be used to extract patterns and detect trends that are too complex 
to be noticed by either humans or other computer techniques. 
The most fundamental aspect of ANNs is their use of simple interconnected processing elements, which 
corresponds loosely to neurons and synaptic connections in the brain. The strength of the connecting links 
determines the functionality of the ANN as a whole. The most common applications of ANNs involve regression 
and classification. Regression models attempt to estimate input-output transformation functions, while classification 
involves using the known inputs to determine class membership (Tsoukalas and Uhrig, 1997; Hachicha, 2011).  
According to Haykin (1999), there are three basic elements in the structure of an abstract neuron with m imputs, 
which are illustrated in Fig. 1. (1) a set of connecting links or synapses, each is characterized by their weight of its 
own. Specifically, an input signal xi  to the synapse j connected to neuron k is multiplied by the synaptic weight 
wkj; (2) an adder Ȉ , which sums the input signals weighted by the respective synapses of the neuron, and (3) an 
activation function ĳ(.), which limits the permissible amplitude range of the output signal to some finite value. It 
defines the output yk of the neuron in terms of the induced local field, which is formed by the linear combiner output 
uk and the bias bk. This externally applied bias is used to increase or lower the net input of the activation function. 
 
 
 
 
 
 
 
 
 
 
Fig. 1.  Non-linear model of an abstract neuron 
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The performance criteria of ANN models during calibration are habitually evaluated by using statistical parameters: 
Root Mean Squared Error (RMSE) and correlation coefficient or efficiency criterion R2. In addition, during 
validation of an ANN model, the performance criterion is evaluated using Percentage Error in deepest level 
fluctuation (PE). All these performance criteria are used in order to evaluate the effectiveness of an ANN and its 
ability to make precise predictions. 
The RMSE is calculated by:  
       
 
N
YY
RMSE
N
1i
2
ici0¦                                                                               (14)  
Where: 
Yio is the observed data, Yic the calculated data and N is the number of observations. RMSE indicates the discrepancy 
between the observed and calculated values. The lowest the RMSE, the more accurate the prediction is.  
The R2 efficiency criterion, given by: 
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

  
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1
N
1
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1i
2
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Y
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YY
1R                                                                                    (15) 
     
R2 represents the percentage of the initial uncertainty explained by the model. The best fit between observed and 
calculated values, which is unlikely to occur, would have RMSE= 0 and R2=1. 
The PE is given by:          
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                                                                                                               (16)                    
 
Nero-one is used to develop the Back Propagation learning algorithm. After several tests of varying the number of 
neurons in the hidden layer, we found that three neurons constitute the optimal structure of the hidden layer (Table. 
2). 
 
Table 2.  Artificial Neural Network performance criteria. 
 
Number of hidden layers RMSE R2 PE 
2 4.70E-05 0.99 3.09E-05 
3 1.46E-05 1 9.92E-06 
4 2.45E-05 1 1.66E-05 
5 2.26E-04 1 1.50E-04 
 
The architecture of the neural network, as shown in Graph bellow is composed of a single input layer, containing a 
single neuron, namely the vector (Pt + dt), an output layer, indicating the results forecasts (E (Pt +1 + dt +1)) and three 
neurons of hidden layers. 
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Fig. 2.  Artificial Neural Network Architecture
The goal of artificial agent is to build forecasts of the future price and dividend E (Pt+1 + dt+1) which will be used in 
their demand functions.  
By means of feed-foreword Artificial Neural Network, we see in Fig. 3 the expectations of future price and dividend 
versus rational expectations.  
 
Fig. 3. Rational Vs. Artificial Neural Network Expectations 
 
The graphical comparison made on the same graph the desired and expected results by the neural network for visual 
analysis. The graph in Fig. 3 illustrates the dynamic simulation of the forecast price and future dividends. To run 
simulation, we use the same parameter values as used by LeBaron (1999, 2002). Thus, we have simulated 
expectations for 1000 observations. As shown, the convergence of the Artificial Neural Network to the rational 
expectations occurs at quadratic mean error 10-5. The results show a correlation between the predictions made by the 
neural network and predictions under the assumption of rational expectations.  
 
3. Simulation Results and interpretations   
Simulations using the three agent-based models were carried out and after analyzing more than 1000 
observations, we present the most interesting findings. 
3.1. Experiment with rational investors’  
The first analyzed belief types are fundamentalists or rational traders. We analyze the price dynamics when 
every investor in our Artificial Stock Market is a fundamentalist who make investment decision based on 
fundamental values. They believe that the asset price is determined solely by economic fundamentals according to 
the EMH introduced in Fama (1970). These fundamental investors’ are supposed to form expectations about the 
values of future prices and dividends by means of a feed-foreword Artificial Neural Network with one input (Pt, dt), 
one hidden layer (with three neurons) and on output (Pt+1, dt+1). 
There are two reasons for choosing this relatively simple network design. First, the single hidden layer feed-forward 
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network possesses the universal approximation property that it can approximate any nonlinear function to an 
arbitrary degree of accuracy with a suitable number of hidden units (White, 1992). Second, since the rational 
expectations mapping in equation (6) is a simple linear one, a more complex architecture is unnecessary. 
Fig. 4. Price fluctuations when 100% fundamentalist are present at the market 
Fundamentalists believe that prices always converge to their fundamental values. Fig. 4 shows the history of traded 
price and the fundamental value. This chart indicates that when every investor is assumed to be a fundamentalist, the 
dynamics of the traded price diverge with the fundamental value. This result is inconsistent with the traditional 
financial theory where agents are assumed to use the same model, the discount of future dividends to form their 
expectations. Even if each investor has different anticipation, these errors are cancelled out as a whole and do not 
affect prices. However, the existence of efficient markets is not consistent with empirical evidence. It is also 
possible to test theories from behavioral finance to model and simulate of complex systems integrating greater 
heterogeneity among investors so as to analyze the influence of investors’ behavior heterogeneity on the asset prices 
through the experiments in our virtual market. 
 
3.2. Experiments with irrational investors’  
Financial Markets are subject to uncertainty risk and ever changing events; these aspects make such markets a 
particularity interesting field to examine market participants’ behavior and decision-market processes. In our 
artificial market, we introduce some irrational agents who form expectations’ about the value of future prices. We 
consider irrational investors subject to the herding behavior, anchoring heuristic and loss adverse behavior.  While 
we analysis the dynamics of the model where new behavioral element are introduced. 
We analyze the price dynamics when every investor’s in the Artificial Stock Market is a herd investor who makes 
investment decision based on the market leaders’ actions. Fig. 5 shows that the existence of irrational investor’s can 
explain the price dynamics through the experiments in our virtual market. The greater the tendency for investors 
subject to bias mimetic increases, the more difference between the price and the fundamental value is widening. 
According to the work of Simone Alfarano (2005, 2010), mimetic behavior described in the psychological literature 
lead investors to have a herd behavior that systematically affects the dynamics of asset prices. 
 
Fig. 5.  Price dynamics when 100% of investors are subject to of herd behavior 
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We run similar simulation but including investors who are affected by anchoring bias in Fig 6. We see that the 
proposition of anchoring investors behavior in the market explain the price dynamics. The results of the equilibrium 
price in the presence of victims anchor agents are similar to those observed in the case of mimetic behavior. In other 
words, the equilibrium price resulting from exchange agents who are subject to the anchoring bias deviates from the 
fundamental value while following the same trend. According to Brav and Heaton (2002), Kaestner (2005) and 
Adrian and Hua (2011), this cognitive bias may influence the price formation on financial markets so that it can give 
rise to the phenomena of under-reaction to information received by investors. 
 
 
Fig. 6. Price dynamics when 100% of investors are victims to anchoring heuristic 
 
We conduct the experiments in case the market contains investors who are loss adverse. Like the fundamental 
investors, loss adverse agents use Artificial Neural Network to make forecasts, but they may be reluctant to realize 
losses. As shown in Fig. 7, when the stock market contains this type of investors, the traded price vastly deviates 
from the fundamental value. This deviation shows the presence of investors’ loss aversion which arises from the 
human tendency to avoid regret. In summary, loss aversion forced investors to adapt to changing course. These are 
marked by a high rigidity to change their behavior and number of opportunities, which explains the fact that 
evolution of prices is more stable than actually observed. 
 
Fig. 7. Price dynamics when 100% loss Aversion behavior exists 
3.3. Combinations of fundamentalists and irrational investors 
We consider the possible combination of behavioral investors in our simulations and examine whether the 
combinations explain more the assets prices dynamics. We combine four winning setups and hence the following 
combinations are analyzed: 
       • Fundamentalist and herding behavior affecting the prices dynamics, 
       • Fundamentalist and anchoring heuristic affecting prices dynamics, 
       • Fundamentalist and loss aversion behavior affecting prices dynamics, 
       • Combination of all these three modifications. 
Now, we introduce in our artificial market some irrational investors and we will comment on results of each of the 
three behavioral modifications individually. In the first experiment, we introduce the herding behavior which 
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consists of imitating the market leaders’ actions. 
The combination of fundamentalist and herding behavior of investors in the Market can explain the dynamics price 
more than a Market containing only fundamentalist’s investors. This result confirms many studies that 
heterogeneous agent-based models have included herding behavior originating among artificial agents (Lux and 
Marchesi, 2000; Wagner, 2003;  Chiarella et al., 2003; Alfarano et al., 2010; Yamamoto, 2011; Kukacka and 
Barunik, 2013 and Manahov et al., 2013). 
 
 
Fig. 8. Price dynamics when the market contains herding behavior and fundamentalists 
 
In a second experiment, we introduce agents who are subject to anchoring bias. Anchoring is a heuristic bias which 
starts from an initial value (given by the problem formulation, or by some partial computation) and then adjusts it 
towards the final value. The consequence of this heuristic is that investors overestimate conjunction of events (with 
high individual probabilities), and underestimate a disjunction of events (with low individual probabilities).
In our simulation, Fig. 9 shows that the irrational investors who are subject to anchoring heuristic and whose 
behaviors generate an influence to the dynamics price in the market. In accordance with Brav and Heaton’s (2002) 
findings, the bias anchor in human judgment, described in the psychological literature, is considered as a cognitive 
bias that leads individuals to over or under react to the information they receive. These reactions have incorrect 
information as they have a systematic effect on asset prices.  
Fig. 9. Price dynamics when market contains anchoring heuristic and fundamentalists 
Compared with previous experiments, the introduction of the loss aversion agents as those who form preferences 
does not conform to the theory of expected utility watercraft, as suggested by Kahneman and Tversky (1979) and 
does not appear to have a significant impact on price dynamics as shown in Fig. 10.  
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Fig. 10. Price dynamics when market contains Loss Adverse investors’ and fundamentalists 
 
Furthermore, from Table 3, the combination of several types of agents with different proportions may cause 
differences more or less low of asset prices and therefore we would be able to give plausible explanations for the 
dynamics of stock prices taking into account the heterogeneity of expectations and the irrationality of some 
investors. 
 
Table 3. Result of price differentials versus degree of heterogeneity of investors 
 
  Mean deviation deviation + deviation - Deviation max 
100% Fondamentalists 1.31% 1.45% 0.69% 7.70% 
100% Anchoring 1.87% 2.15% 1.23% 7.69% 
100% Loss Aversion 1.82% 1.86% 1.77% 8.08% 
100% Herding 1.56% 1.82% 1.23% 9.55% 
40 % F, 30 % Anc, 20 % Her et 10% Loss 0.72% 0.82% 0.46% 3.01% 
 
By varying the percentage of agents in the market, we have elucidated the impact of the degree of heterogeneity of 
investors on the price dynamics. From Fig. 11, we maintain that the explicit consideration of irrational agents who 
are victims of some cognitive biases, such as herding behavior, through anchoring heuristic and Loss aversion 
behavior, allows a better understanding of the dynamics of stock prices. This experiment adds another layer of 
complexity by allowing heterogeneity among market participants.  
  
Fig. 11. Price dynamics and heterogeneous traders 
 
A relatively novel approach for studying the link between individual investor behavior and financial market 
dynamics, based on agent-based modeling, has become known as Artificial Financial Markets. We postulate that the 
dynamics of Stock Markets are not the result of the extrapolation of a standard individual behavior but rather the 
consequence of the confrontations of heterogeneous investor’s beliefs.  
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We would like to make a few final remarks about the work done in this study. Firstly, this paper can be read as an 
extension of the research line stressing that macroeconomic behavior is not a simple scaling-up of microeconomic 
behavior. More specifically, it is closely related to the agent-based computational model. This type of model allows 
us to trace a bottom-up path which is infeasible for conventional models built upon the device of the representative 
agent, and hence provides an ideal tool to show more precisely how microeconomic behavior can be quite different 
from macroeconomic behavior. 
 
4. Conclusion  
 
This paper advocates the view that agent-based financial modeling that consider financial markets as complex 
dynamical systems consisting of interacting heterogeneous agents can potentially become a viable alternative. We 
discuss, at the conceptual level, the need for the proper account of market complexity, agent heterogeneity, rational 
traders and adaptive expectations. The literature on heterogeneous agents attempts to introduce a more realistic and 
empirically sound alternative to the classical representative agent model, with rational expectations, into asset 
pricing. Away from the fiction of the representative agent and in polarizing along a path on the analysis of the 
interaction between rational and irrational investors, we have elucidated the dynamics of asset prices through a 
multi-agent simulation by the creation of a virtual stock market and placing the cognitive mechanisms at the center 
of analysis. The paper focuses in particular on the Artificial Stock Market modeling and examines the impact of 
suggested changes on the model outcomes we rely on Monte Carlo methods. 
We have built an Artificial Financial Market that contains three types of investors: fundamentalists, non-
fundamentalist and loss adverse investors to allow traders’ heterogeneity, irrational investors and market dynamics 
to financial problems. Artificial financial markets are models for studying the link between individual investor 
behavior and financial market dynamics. As a result of the analysis, we have found that, (i) according to the 
traditional financial theories, when every investor in the market is a fundamentalist, the fluctuations of the traded 
price deviates with the one of the fundamental value, (ii) when we introduce irrational traders, the traded price agree 
with the fundamental value, (iii) loss adverse investors, in our agent based simulation, don’t generate a large 
explication from the price dynamics and (iv) we show that it makes sense to consider behavioural finance within the 
heterogeneous agents modelling frameworks and that both approaches can desirably complement one another. These 
results stipulate that heterogeneous agents, who are affected by behavioral biases help to explain the dynamics of 
prices in the Stock Financial Market. Agent-based markets offer an important technology for exploring conjectures 
about evolution out rationality in finance. They allow for computational experiments which can reveal the underling 
dynamics in a world of heterogeneous and learning agents. Understanding the dynamics of these markets as through 
experiments is necessary for building up our intuition for what is going on in real markets.  
To quote from LeBaron (2000), “The field is only in its infancy, and much remains to be done". In future 
research, other computational techniques could be investigated for agent decision making. For instance, the Genetic 
Algorithm and the Fuzzy logic could test the Agent-based models using the double-auction mechanism that allows 
issuing real market orders. 
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